Sensitivity analysis of the Finite Difference Cellular Automata model for Dual Phase steel phase transformation during heating was performed in the present work. The main goal of the work was to determine the process parameters that are most important throughout transformation and should be particularly considered during the identification of model parameters: deformation, coefficients related with grains nucleation, activation energy, pre-exponential factor, and curvature parameters. The Morris OAT is a screening method capable of recognising the important factors of model and global sensitivity analysis was computed using this method. Different responses of the model outcomes were obtained by changing subsequent model input parameters. Results from Morris OAT design showed that deformation and activation energy have the most significant impact on the kinetics of phase transformation whereas average grain size strongly depends on all of the model parameters. Next, local sensitivity analysis was considered to check the behavior of each parameter locally. Finally both global and local sensitivities were compared and it was found that local sensitivity analysis in the case of such complex models can lead to inaccurate results.
Introduction
Due to excellent weight-to-strength ratios of Dual Phase (DP) steels, production of these grades has overwhelmingly flourished in the last decade. The increase in demand draws the attention of many researchers towards the improvement of DP steel properties that are obtained during complex thermomechanical treatment. The manufacturing of DP steels by the continuous annealing process consists of three distinct stages: (1) ferrite recrystallization, (2) ferrite+pearlite-toaustenite phase transformation (heating process) and (3) austenite-to-ferrite+martensite transformation (cooling process). Different numerical simulation methods are used to support the experimental research on these steels. Present investigation is a continuation of earlier work 1) and focuses on phase transformation during heating.
The phase transformation models available in literature are of different nature, ranging from simple Johnson-MehlAvrami-Kolmogorov (JMAK) equation to more complicated finite element based models. For example, the ferritic transformation model of Donnay et al. 2) modified the JMAK equation and introduced the effect of temperature on both nucleation and diffusion. The phase field model of Simmons et al., 3) discrete Cellular Automata based models of Zhang et al. 4) and Lan et al., 5) finite element based model of Pernach and Pietrzyk 6) are among several advanced phase transformation models available in the literature. Particularly interesting approaches that provide a possibility of explicit representation of microstructure evolution during treatment are based on the Cellular Automata (CA) technique. [7] [8] [9] Over last several years, the CA coupled with explicit Finite Difference Method (FDM) has become an efficient tool for modelling phase transformations and other phenomena occurring in manufacturing processes. [10] [11] [12] Extensive predictive capabilities made this approach a valuable support for the experimental research. However, majority of publications describing application of CA to materials processing deals with recrystallization or phase transformations during cooling. [13] [14] [15] That is why, in the previous paper 1) authors proposed a model of phase transformation during heating. The model was based on combined CA-FDM method, which has good predictive capabilities but at the same time is quite complex and potentially requires a large number of input parameters related with material property, initial condition and boundary conditions. Keeping in mind the complexity of the CA-FDM phase transformation model, it is very important to examine the effect of model parameters and input parameters on model outputs, and also to investigate whether a possibility of simplification of the model is possible. Many of the input parameters are difficult to measure during the real industrial processes or even in physical simulations under similar conditions. Investigations on the effect of parameters variation are important because they provide useful information about the significance or level of uncertainty of each variable. The sensitivity analysis (SA) is the method, which allows assessing the accuracy of an analyzed object or process model. It determines the parameters contributing the most to the output variability. It also indicates the parameters that are insignificant and may be eliminated from the model. Moreover, the sensitivity analysis evaluates the parameters, which interact with each other and determines the input parameters region for subsequent calibration space. Several authors reported development of phase transformation models, but only few of them included the investigations on sensitivity of input parameters on computed results. Szeliga in 16) investigated different input parameters of phase transformation model during laminar cooling and continuous annealing of DP steel. This research was based on the modified JMAK equation and sensitivity analysis was performed using three methods: (a) Morris Design, 17) (b) analysis of variance 18) and (c) Sobol space. 19) Another sensitivity analysis of phase transformation model was done by Golab et al. in, 20) who investigated the effect of different model parameters based on 'ferrite-start' and 'ferrite-finish' temperature using Morris Design method. They considered austenite-to-ferrite transformation during cooling and concluded that the model is most sensitive to the mobility coefficient. This analysis was based on kinetics but restricted only to ferrite-start temperature and ferrite-finish temperature instead of overall kinetics of transformation. Thus, the objective of the present paper is to perform sensitivity analysis with respect to two model outputs: overall phase transformation kinetics and grain size after transformation.
To eliminate the influence of preceding processing conditions on model output, the sensitivity analysis was carried for the DP steel microstructure obtained after complete ferrite recrystallization. The particular objective of this work was to answer the question which input parameters are dominant and need to be carefully considered during: (1) selection of input parameters for the model identification stage, (2) determination and decision making on the improvement of phase transformation model. This knowledge will be essential for further development of the heating model by considering the accuracy of determination of the parameters, which have the highest impact during simulation.
Description of Phase Transformation Model during Heating
As mentioned, the continuous annealing of the DP steels consists of three distinct stages and present investigation is dealing with the heating stage, which transforms ferrite+ pearlite phases into austenite microstructure. The developed CA model is described in detail in an earlier work, 1) while main assumptions are summarized below to clearly highlight model parameters investigated during sensitivity analysis.
In this study the CA computational domain is based on the 2D square grid with 0.2 μm CA cell size and adiabatic boundary conditions. The input microstructure for CA model was obtained from earlier ferrite recrystallization model described in. 21) This microstructure consists of deformed pearlite and equiaxed recrystallized ferrite grains. Several state variables and internal variables are included in the CA model to comprehend the process of both carbon diffusion and interface mobility. The cells can be in four different states like ferrite, pearlite, austenite and intermediateaustenite. The internal variables represent carbon concentration and grain number. The dissolution of pearlite to austenite, ferrite transformation into austenite and grain coarsening are simulated using the model. Thermodynamics and solute diffusion of the multicomponent system was calculated using the ThermoCalc RM thermodynamic database. The chemical composition of the investigated steel is listed in Table 1 .
The model is composed of two main stages: (1) austenite nucleation, and (2) austenite growth as shown schematically in Fig. 1 .
The austenite nucleation starts when temperature exceeds Ac1, which depends on the chemical composition of steel. Nucleation of austenite starts at pearlite colonies and nuclei slowly grow towards the ferrite regions. A continuous austenite nucleation scheme has been implemented to ferritepearlite interface cells. A classical nucleation equation as a function of overheating was introduced to the model according to.
22 The amount of nuclei after every time step is randomly assigned to the possible nucleation sites in the computational CA space and called them intermediate-austenite as the amount of carbon is very low compared to equilibrium concentration. When a cell changes its state to intermediateaustenite, internal variables such as grain number take a new unique value, but the cell maintains its previous carbon concentration. The nucleation process ends when entire pearlite decomposes into the austenite phase.
After nucleus appears in computational CA space, the growth of the austenite is evaluated in the following steps. Two different stages are considered in the present model: pearlite dissolution and ferrite transformation to austenite. The austenite growth starts as soon as the first nuclei appears in the matrix. The diffusion of carbon is restricted only between austenite, intermediate-austenite and pearlite cells. Whenever the carbon concentration in pearlite cell decreases (as pearlite is the region of higher carbon concentration) from its initial eutectoid carbon concentration, the state of present cell changes to austenite and reflects direct transformation. The transformation in the case of ferrite is Table 1 . Chemical composition of the investigated DP steel, in wt%. (4) where: D0-pre-exponential factor, Qact-activation energy of migration, R-gas constant, T-absolute temperature.
The Δt term in Eq. (3) (5) where: Δt-time step at each iteration, LCA-physical length of a cell.
The procedure which restricts the carbon diffusion inside ferrite cells can be explained using following example:
The lattice size considered for the given example is 3×3 matrix cells. Out of nine cells, the middle cell represents the state of intermediate-austenite where all cells belongs to this class separate the austenite and ferrite phases. The schematic representation of all nine cells is shown in Fig. 2(a) . Therefore, the middle intermediate-austenite cell is surrounded by ferrite, austenite and intermediate-austenite cells as shown in Fig. 2(a) . While calculating the carbon concentration of middle intermediate-austenite cell, according to Eq. (3), it takes the information from cells presented in different color from Fig. 2(b) . Hence, out of four cells under investigation, two of them are ferrite cells and therefore Eq. (6) where:
-state of the cell (k,l), -state of one of the cell from Moore neighborhood {(k+1,l)(
-carbon concentration of investigated cell at present time step and temper- 
, ≥ and
-equilibrium carbon concentration from Ac3 at present temperature, -equilibrium carbon concentration from Ac1.
The competitive growth between the different grains leads to grain coarsening. The present model considers the effect of grain enlargement driven by grain boundary curvature. To calculate the grain boundary curvature (κ), the model proposed in 23) was adopted:
.......................... (7) where: Δxy-size of each cell in cellular automaton model, Acoefficient which has value equal to 1.28, N = 24 -number of the first and second nearest neighbours, Ni-number of cells in the first and second neighbourhood area, which belongs to investigated grain, Kink = 15 -number of cells for flat interface. Examples of microstructures obtained from the model during the transformation in the case of 3°C/s heating rate and their corresponding carbon distribution profiles are shown in Fig. 3 , while Fig. 4 shows the carbon profile of microstructure obtained at 815°C during continuous heating of DP steel and carbon profile was calculated along the vertical line presented in Fig. 4(a) .
The carbon profile calculated along the vertical line (as shown in Fig. 4(a) ) has maximum limit of 0.14 wt% carbon and minimum limit of 0.004 wt% carbon. In the Fig. 4(a) , the vertical line shows the change in y-axis where x-axis is fixed. Therefore, the distance axis in Fig. 4(b) denotes the position of y-axis, thus distance equal to 0 implies the lowest bottom part and distance equal to 182 signifies the extreme top position of the vertical line in the middle of the microstructure. Figure 5 shows the agreement for phase transformation kinetics between experiment and model observations and it can be seen that good agreement was observed. These data were used as a reference values during subsequent sensitivity analysis of model parameters. The output from this model was also used in further investigation as input data for the CA model of phase transformation during cooling. 24) 3. Sensitivity Analysis
Morris OAT Design-Global Sensitivity Analysis
The Morris Design method 25, 26) Fig. 3(A) . © 2015 ISIJ factors, which have biggest impact on the variability of the model output. The model simply estimates the importance of each and every input parameter with respect to the model output and gives a qualitative analysis, which keeps the computational cost lower. The Morris method characterizes the model input parameters based on screening design, which calculates the parameters sensitivities globally and searches systematically in the whole domain. This method consists of various procedures among which one popular procedure is One-At-a-Time (OAT) approach, 17) which was selected in the present analysis. Morris OAT Design belongs to global sensitivity analysis because the algorithm explores the entire domain space over which the input parameters vary. The basic analogy of Morris OAT Design is to independently observe the elementary effects by exploring the entire domain spaces of all input parameters. Then statistical analysis provides the information about importance of each and every parameter, which is considered during calculation. Finally, the mean value and standard deviation are estimated. The basic description of Morris OAT Design is presented as follows. The elementary effect ξi of the i th parameter at a given point x calculated for y model output is defined as:
..... (9) where: x-any value in Θ such that the perturbed point x + Δ is also in Θ.
A finite distribution Fi for each parameter xi is obtained by sampling x in Θ. Therefore, the number of components of Fi is equal to (p -1)p k-1 . Finally, mean μ and standard deviation σ are estimated which indicate the distribution of Fi during calculation of elementary effects. Mean represents sensitivity of the model output with respect to i th input parameter. High standard deviation indicates non-linearity of parameter with respect to model output.
The algorithm begins with selection of the values of each xi component from finite distribution Fi. The output y is evaluated twice, once at the starting point after selection of values and again after increment Δ is added to xi. These two values yield one elementary effect. The above procedure is repeated r times for different initial xi values from Fi. However, if the procedure is repeated for each input parameter then it requires 2rk solver runs to determine elementary effects. Therefore, more efficient procedure developed by Morris 17) was used in this work. A random orientation matrix B* was introduced, in which the rows represent the input vector x and corresponding model runs produces k elementary effects ξi from (k + 1). Thus, the dimension of the matrix becomes (k + 1)k. Hence, it yields r (k + 1) model outputs which are obtained from rk elements set of Fi distribution for elementary effects ξi. The algorithm for construction of orientation matrix B* is listed in Appendix.
The algorithm presented in appendix returns one orientation matrix B* in such a way that for every consecutive pair of vectors two consecutive rows of the orientation matrix are generated. These consecutive rows differ one from each other by one component. Any component i of the starting vector x* can be increased or decreased by Δ only once and each xi produces only one elementary effect ξi. Since the matrix B* produces k elementary effects (one per input parameter) at the cost of (k + 1) runs, it could be used as design matrix. But, one limitation of orientation matrix B* is that these k elementary effects are not randomly selected. Therefore, randomised version of Morris Design is given by .... (10) Where: D*-k-dimensional diagonal matrix with elements either +1 or -1 with equal probability, P*-k × k random permutation matrix, i.e. each row and column contain exactly one element equal to 1, while other elements are equal to 0.
The mean and standard deviation of orientation matrix B* are calculated for different starting point x* which provide independent different trajectories for all k parameters xi. This is equivalent to r values of distribution Fi for each parameter xi.
The elementary effect may be either negative or positive and, therefore, absolute value of ξi is taken during calcula- ISIJ International, Vol. 55 (2015), No. 1
for means and standard deviations calculated for all the input parameters xi, i = 1, …, k. Presented Morris OAT design was applied in the present work to determine sensitivity of the two model outputs, namely phase transformation kinetics and average grain size with respect to the design variables.
Results of Morris OAT Design
Sensitivity analysis was performed for six different CA model parameters, which are further being divided into three distinct groups: 1. Process parameter: level of deformation induced to the material during preceding processing. 2. Physical parameters: (a) pre-exponential factor D0 and (b) activation energy Qact in (4). 3. Model parameters: (a) two parameters of nucleation model N1 and N2 in (1), (b) curvature coefficient A in (7), These six input parameters are varied to check the sensitivities based on two model outputs: phase transformation kinetics and average austenite grain size. The lower and upper limits in Table 2 of some parameters were obtained from literature survey and limits of some parameters were obtained based on the performance of the model. The phase transformation kinetics is not the scalar quantity as seen in Fig. 5 . Therefore, phase transformation kinetics during calculation of global sensitivity analysis was performed by comparing the model outcome with the experimental results and records the deviation/error between the two values for each degree rise in temperature during continuous heating of DP steel. Finally, all those deviation/error values are added up to obtain a scalar value.
The following values of the parameters were assigned in the Morris Design algorithm: the number of analyzed input variables k =6, the division of unit interval p = 20, the number of independent trajectories r = 15. In Morris OAT design, a value 20 was assigned to unit interval which signifies that the input parameter range is divided into 20 equal parts and provides sufficient investigation space to capture all possible fluctuations during calculation. Independent trajectories r = 15 was adequate to collect information from every possible solution space. Figure 6 shows the elementary effects of six input factors, which include 15 independent trajectories for the two different model outputs: kinetics of phase transformation and average austenite grain size after transformation. These elementary effect values were obtained before normalization. The sensitivity of any particular parameter with respect to any model outcome can be explained simply by analyzing the elementary effects. To illustrate the above statement, it can be observed in Fig. 6 (a) that elementary effect for input parameters such as activation energy and pre-exponential factor jointly contributed the maximum elementary effects and hence these two parameters plays an important role on modeling phase transformation kinetics. The highest elementary effect values for the activation energy were observed in trajectories 1, 3, 6, 9, 10 and 11. Meanwhile, the other input parameters have either negligible or nonlinear effects and therefore, indicated the minimal contribution. Similarly, Fig. 6(b) explains the contribution of every input parameter on average grain size. The elementary effects were nonlinear for every input parameter as shown in Fig. 6(b) and hence, all the parameters have similar contribution towards average grain size.
Based on the above results, the mean effects and standard deviations were calculated using normalized values as shown in Fig. 7 . Sensitivities were calculated for different model inputs with respect to the absolute mean value. The graph shows the impact of each input variable on the two different model outputs. The standard deviations are indicated, as well. Figure 7 confirms that activation energy Qact is the most influential parameter with the highest impact on the overall kinetics of transformation during heating of DP steel. Acti- vation energy Qact is related with the driving force equation and, therefore, it dictates the overall transformation kinetics. Next influential parameter is the level of deformation induced prior transformation, which controls the kinetics of pearlite dissolution and hence plays an important role in the overall transformation process. There is one major difference between activation energy (Qact) and deformation level, when compared in terms of standard deviations for kinetics. Standard deviation for deformation level is higher in comparison to activation energy, which suggests the weak sensitivity to this parameter. In this regard, pre-exponential factor plays a crucial role in the kinetics and shows comparable mean value with respect to deformation with lower standard deviation. Apart from the mentioned three parameters, the others have moderate to minimal impact on the overall kinetics. As expected, the curvature coefficient has limited impact on the kinetics because it is more related to the grain morphology. On the other hand, all the input parameters have significant effect in terms of mean values with their corresponding standard deviation on the model second output, namely the average austenite grain size.
Local Sensitivity Analysis
The qualitative information about the behavior of each input parameter were obtained using Morris Design method and provided the information related with global sensitivity of the model. An obtained qualitative result also provides the opportunity to check the sensitivities of input variables locally and finally compare them with the global sensitivity results. Local sensitivity analysis was performed for same input variables with respect to the same model outcomes used during global sensitivity analysis for better comparison. The local analyses computed the sensitivities by perturbing each input parameter by small amount from their respective reference values and examine the difference in outcomes. The local sensitivity analysis uses an approach presented in: 27) .............. (12) where: k -signifies all input parameters, which includes process, physical and model parameters, χi (k)-model output obtained for ith input parameter k, Δk -amount of alteration from the initial value (set up as 10% of k for the present investigation).
The Δk value was first set at 2% of k, but results were not prominent enough for comparison with the global sensitivity analysis. Thus, authors realized a series of calculation for different Δk values and selected a minimum threshold, above which the change of Δk value did not influence the results. Finally, Δk was set at 10% of k to obtain the desired results. This Δk value is the users define parameter, which should be as low as possible to obtain the desired performance.
The total number of simulations required in local sensitivity method is (i+1), e.g., one simulation using reference parameters plus i simulations for different altered values of each parameters. Results obtained from local sensitivity analyses are shown in Fig. 8 . Results were rescaled between 0-to-1 ranges according to their contributions. Thus, total summations of all the 6 input parameters are equal to 1 for each model outcome.
The results from local sensitivity analysis illustrates that model output such as overall transformation kinetics is primarily dependent on activation energy, Qact while deformation level shows considerable effect. The nucleation factor, N2 alongside pre-exponential factor, D0 shows little impact on kinetics as shown in Fig. 8 . Meanwhile, the average grain size predominantly relies on curvature coefficient whereas other input parameter shows either little or no effect.
Morris OAT Method vs Local Sensitivity Analysis
The comparison between global and local sensitivity analysis reveals some interesting facts. Significant discrepancy was noticed for influence of curvature coefficient on grain size after the transformation. Local analysis reveals distinct dominance while global analysis showed little effects. In case of local sensitivity analysis, apart from curvature coefficient, activation energy and nucleation exponential factor showed little effect but other parameters had no effect on grain size altogether. The same curvature coefficient hinted negligible effect when second model output namely overall transformation was considered. In case of global analysis, grain size was dependent on almost every input parameter. This discrepancy leads to the fact that some parameters may behave differently when compared with local and global sensitivity analysis. Such discrete behaviours were observed because local and global sensitivity methods follow different approach. The local analysis evaluated sensitivity on the basis of a set of selected points from the solution space while global sensitivity analysis search the entire feasible space of parameters and construct the out- put by examine both the effects of individual variables/ parameters and interactions between them. Any fluctuations in feasible space of parameter values are normalised using global sensitivity analysis and hence provide more consistent and stable output with respect to local results. The curvature coefficient is the input parameter which related with grain growth and hence, showed maximum contribution when analysed locally because local analysis estimates few selected regions from feasible space where neither has it considered the interaction effects among all input parameters nor it searches the entire feasible region. But, local analyses are computationally more efficient and provide general qualitative informations very quickly as one can generate the result using single run. The trend for overall transformation kinetics in case of local sensitivity calculation almost followed the same pattern like global analysis where activation energy dominated the transformation with deformation level playing an important role. Presented above informations are crucial for further stages of investigation, which include the identification process of model parameters. Present investigation educe that all input parameters of the developed CA model are important during identification stage and cannot be neglected.
Conclusions
The following concluding remarks can be drawn based on the presented research:
(1) A cellular automata model was demonstrated to describe the process of phase transformation during heating in case of DP steel. The comparison of model output with experimental result indicated good agreement.
(2) Global sensitivity analysis was performed on CA model using Morris OAT Design. The influences of input parameters were studied with respect to both average grain size and overall kinetics. The effects of input parameters were varying with respect to different model outcome. The parameters that were significant for accurate prediction of the kinetics are activation energy Qact, level of deformation and pre-exponential factor D0. The average grain size depends on almost every parameter used in the present investigation.
(3) Local sensitivity results revealed the complete dominance of curvature coefficient on average grain size whereas overall kinetics mainly depends on activation energy and deformation level.
(4) Global sensitivity analysis identified that all the model parameters are equally important and none of them can be neglected during the identification procedure.
Future work will focus on inverse analysis of the parameters that are most important for phase transformation kinetics and on development of more sophisticated deformation model to obtain better accuracy of results.
